Background: Improved detection and linkage to care of previously undiagnosed HIV infections require innovative approaches to testing. We sought to determine the feasibility of targeted HIV testing in geographic areas, defined by continuum of care parameters, to identify HIV-infected persons needing linkage or engagement in care.
BACKGROUND
A key component of the United States National HIV/AIDS strategy (NHAS) is to reduce the number of new HIV infections by increasing the detection of undiagnosed HIV infections. 1 The 2020 updated NHAS also calls specifically for emphasis on "widespread" HIV testing and linkage to care and support for people to remain engaged in HIV care. 2 Similarly, the UNAIDS 90-90-90 goals call for 90% of HIV-infected persons to be aware of their serostatus, on antiretroviral therapy, and virally suppressed. 3 In response to these goals, a combination of strategies including routine HIV testing and treatment as prevention are focused on identifying persons who are undiagnosed and linking them to care and treatment, with the aim of preventing new infections. HIV testing, in particular, is of paramount importance as studies have shown that persons who are HIV infected but unaware of their infections and those who are diagnosed but not in care account for 91.5% of new transmissions. 4 Moreover, once diagnosed, such individuals are likely to reduce their risky behaviors thereby reducing their risk of infecting others. 5 For the NHAS and 90-90-90 goals to be successful, innovative approaches to efficiently and effectively find and test previously undiagnosed persons and link them to care are necessary. A variety of approaches have proven successful in understanding where infections are occurring. Geospatial and geovisualization approaches have included cluster analyses to define the relationship between HIV-and community-level factors, 6, 7 descriptions of the spatial distribution of high-risk behaviors and high HIV infection rates, [7] [8] [9] [10] and identification of areas for tuberculosis, syphilis, and HIV screening. 11 The geographic distribution of HIV has also been described using routinely collected public health HIV surveillance data to map HIV prevalence areas, to measure community viral load (CVL), to direct research and testing, and to assess the impact of HIV testing efforts. Mapping of HIV prevalence is routinely conducted at the state and local level to understand the distribution of disease burden and to guide testing for studies such as National HIV Behavioral Surveillance (NHBS). 12 More recently, mapping to visualize the HIV care continuum and related sociodemographic factors has been performed in an effort to understand how geographic factors influence the continuum. 6, 13, 14 Additionally, mapping of surveillance data has also been used to estimate CVL, a measure of the potential infectivity of a community. 15 Declines in CVL have been shown to be directly correlated with a decline in new HIV diagnoses [16] [17] [18] [19] [20] [21] and in combination with geospatial analyses, CVL has been used to successfully identify concentrated areas of high HIV prevalence or "hot spots" where prevention, care, and treatment interventions are needed. [16] [17] [18] [19] 22 In Washington, DC, a city with a generalized HIV epidemic (2.4% prevalence), many of these aforementioned approaches have been used to address the epidemic. Significant declines in new HIV diagnoses over recent years have been achieved concurrent with the widespread scale-up of routine HIV testing, comprehensive linkage and retention in care programs, and universal access to care [23] [24] [25] [26] ; however, measurement of care-continuum outcomes and CVL continues to identify gaps in meeting the NHAS and UNAIDS 90-90-90 goals. The DC HIV care continuum suggests that as many as 25%-30% of infected people are unaware of their infections. [27] [28] [29] Furthermore, despite linkage to care rates of approximately 80%, only 40% of persons were continuously in care, and 47% achieved viral suppression in the most recent year, implying that these individuals may be at risk for transmitting HIV to others. 30 Moreover, in 2011, the mean CVL in DC was 31,393 copies per milliliter, indicative of a high rate of potential onward transmissions and a failure of the HIV care continuum at one or more stages. 31 DC surveillance data have indicated that 7 of the city's 8 geopolitical areas, or Wards, have an HIV prevalence greater than 1% 23 and when mapped, the distribution of CVL in DC was the highest in geographic areas of higher poverty and lowest educational attainment. 16 Thus although significant progress has been made in curbing the HIV epidemic in Washington, DC, these findings emphasize the need for an intensive focus on HIV diagnosis and treatment activities among the most high-risk populations. The objectives of this study were to assess the feasibility and relative utility of using routinely collected HIV surveillance data to identify geographic areas with the potential for high HIV transmission so that these areas could then be targeted for community-based HIV testing. Specifically, based on population-based surveillance data, inclusive of monitored viral load (mVL), a measure related to but distinct from CVL, we sought to identify and conduct testing in areas where we would be more likely to identify HIVinfected persons either unaware of their infection or needing linkage or reengagement in care. We hypothesized that within high prevalence census tracts (CTs), the additional information provided by indicators reflecting the care continuum would enable a more efficient strategy for finding undiagnosed or untreated people living with HIV. We expected that community-based testing would identify more HIV-positive persons in CTs with poorer care-continuum outcomes and higher mVL compared with those tracts with better care-continuum outcomes and lower mVL.
METHODS

Data Source and Continuum of Care Indicators
We used the most current data available from the DC Department of Health HIV/AIDS, Hepatitis, STD, TB Administration enhanced HIV/AIDS Surveillance Reporting System (eHARS) and routinely reported laboratory data to identify all cases of HIV diagnosed from 2008 through 2012, aged 13 years or older at the time of diagnosis, and alive in 2013. Individuals who were not DC residents, homeless, incarcerated, or without a known street address (missing data or postoffice box address) were excluded from the analysis. eHARS surveillance and laboratory data were used to calculate 3 HIV care-continuum indicators for each CT: mVL, the proportion of persons diagnosed but never in care (NIC), and the proportion of persons out of care (OOC). mVL is one approach used to measure the level of circulating virus in a population and the potential for transmission. mVL is measured through the assessment of laboratory data (eg, HIV RNA) from routinely collected HIV surveillance and laboratory systems. Defined as the geometric mean of the test results of those persons who have been linked to care and have a subsequent reported viral load test, the mVL provides a rough indication of access and adherence to antiretroviral therapy among patients captured by surveillance systems. 15 The proportion of persons NIC was measured by calculating the proportion of individuals diagnosed with HIV but with no subsequent CD4 or viral load measures indicative of linkage to care. Finally, the proportion of persons OOC was defined as the proportion of persons diagnosed with HIV who did not have any reported laboratory results in 2013, inclusive of those who were NIC. A statistical algorithm was then developed to stratify the CTs into 2 groups: those above the median for all 3 indicators, or "higher risk areas" and those below the median for all 3 indicators, or "lower risk areas."
Selection of CTs for HIV Testing
We calculated the number of cases in each of the 179 Washington, DC CTs, excluding those tracts with fewer than 5 cases. Then, using eHARS data, we estimated the percent of the population diagnosed with HIV per 100,000 population (referred to as "prevalence") for the remaining CTs (N = 160) by dividing the number of cases by the most recent available (2011) population count of individuals 13 years and older, and dividing by 100,000. CTs with prevalence greater than 1% were selected as the pool of potential targets for inclusion in testing efforts (N = 55 tracts) in keeping with the UNAIDS definition of a generalized epidemic threshold of 1%. 32 Within these tracts with high prevalence, we defined "higher risk areas" (HRAs) as those that were equal to or above the median of the 55 tracts on CVL (expressed as a geometric mean: 143.78 copies/mL), proportion OOC (36.7%), and proportion NIC (11.4%). Similarly, "lower risk areas" (LRAs) were defined as those below the median on all 3 indicators. These criteria resulted in the identification of 12 HRAs and 8 LRAs, which were selected for HIV testing. To examine group differences between the higher and lower risk groups, we used data from the 2012 American Community Survey 33 to obtain socioeconomic characteristics of the selected tracts. Because of the small number of tracts per group, effect sizes were calculated to identify potential differences between the groups. 34 The 20 CTs and their related continuum of care outcomes were mapped using ArcGIS and used to identify the areas for targeted HIV testing.
Participants and Procedures for HIV Testing and Survey Completion
Community-based HIV testing was conducted by Community Education Group (CEG), a local community-based organization, using a mobile unit that rotated through the selected tracts. Founded in 1993, CEG is a DC communitybased nonprofit organization that uses intensive outreach and navigators to conduct HIV testing and increase linkage and retention in care among marginalized populations. 35 CEG community health workers indigenous to the target communities conducted HIV testing in each of the 20 CTs with a goal of conducting 75 tests in each of the 20 tracts. The CEG mobile unit was parked in multiple locations throughout the CT and conducted testing either throughout a 2-week period or until the goal number of tests was performed. Once testing had occurred at each CT, a second round of testing was conducted to attempt to achieve the testing targets.
Eligible participants were identified using street outreach, were 18 years of age or older, and self-reported HIV negative. Participants did not have to reside in the CT where testing was taking place. Persons who had been tested by CEG within the previous 90 days or who self-identified as HIV positive were excluded from participation. After providing verbal consent, participants were asked to complete a brief survey regarding their demographics, risk behaviors, the acceptability of certain HIV prevention interventions, and place of residence. All survey data were entered using touch screen tablets into the Health Information Virtual Exchange (HIVE) system, a CEG HIPAA-compliant individual patient health record system. Confidential rapid HIV testing was performed using OraQuick rapid HIV tests. Participants received a $10 gift card for HIV testing, and those who tested positive received up to $50 in gift cards for immediate linkage to care and transportation to a clinic site for confirmatory testing by CEG staff.
Analyses and Institutional Review Board
Participant survey data were extracted from HIVE for analysis, and residential addresses were converted to CTs. We performed descriptive and univariate analyses using SAS version 9.3 (Cary, NC), and mapping using ArcGIS to compare testing results and individual level-risk behaviors in the 2 areas. All study materials and protocols were approved by the George Washington University and the District of Columbia Department of Health Institutional Review Boards.
RESULTS
Geographic Distribution of CTs for Testing
The map in Figure 1A demonstrates the geographic distribution of the selected CTs based on meeting the criteria of being an HRA or LRA. The selected CTs represented areas in 6 of the city's 8 geopolitical regions or Wards. At the CT level, among the 12 HRAs, the HIV prevalence ranged from 1.02 to 1.84 cases per 100 population, the mVL ranged from 151.8 to 488.5 copies per milliliter, the highest proportion of persons NIC and OOC were 29.0% and 48.6%, respectively, and the highest proportion virally suppressed was 50% (Table 1 ). In contrast, among the 8 LRAs, HIV prevalence ranged from 1.0 to 1.91 cases per 100 population, the mVL ranged from 26.5 to 138.3 copies per milliliter, and the highest proportion of persons NIC and OOC were 10.6% and 35.7%, respectively. The highest proportion virally suppressed was 62.5%. Table 2 shows the characteristics of the selected CTs by group. As expected based on the selection criteria, the groups differed greatly by mVL, percent OOC, and percent NIC, with effect sizes (Cohen's d) all greater than 2.0. The HRAs had substantially lower per capita income, lower percent of the population with a bachelor's degree, and a higher percent of the population that was Black compared with the LRAs. In contrast, the percent of the population living below poverty level was similar in the 2 groups.
Comparison of Sociodemographic and Risk Area Characteristics
Distribution and Characteristics of HIV Testing Participants
Between mid-July 2015 and mid-October 2015, a total of 1471 participants were tested and surveyed: 870 from the HRAs and 601 from the LRAs. The number of participants tested per CT ranged from 63 to 87, with a mean of 73.6. Table 3 shows the characteristics of the participants recruited from the HRAs and LRAs. Groups were similar in age, education, and proportion of participants who were injection drug users or who reported male-to-male sexual activity. However, the groups differed in sex and racial distribution, with a higher proportion of men tested in the LRAs (63.7% vs. 56.7%, P = 0.0067) and a greater representation of Black participants in the higher risk group (94.6% vs. 91.0%, P = 0.0076). Participants also differed with respect to residence in the CT in which they were tested, with 18.5% of those testing in the LRAs residing in the tract compared with 25.5% of those in the HRAs (P = 0.0015). No significant differences were observed with respect to risk behaviors when comparing the 2 testing groups.
HIV Positivity and Characteristics and Care Status of HIV-Positive Participants
Among 1471 persons tested, 28 (1.9%) participants had reactive results; 18 in the HRAs, and 10 in the LRAs (Table 3) . Six tests (0.4%) were invalid results, 5 of which occurred among participants in the HRA. Among the 28 persons testing HIV positive, despite prescreening, after receiving their HIV test results, 19 people stated they were previously known to be HIV positive of which 13 were already in care and 6 reported being OOC. Nine new HIV diagnoses were identified, of which 5 were identified in an HRA. Thus of 28 HIV-positive tests, 15 (54%) were new diagnoses or OOC.
Demographically, the median age among persons screening HIV positive was 50.5 years, all were Black, 64% were men, 7% were uninsured, and 18% had less than a high school education. Self-reported risk behaviors among those testing positive found that 14% reported engaging in male-to-male sex, 57% in heterosexual sex, and 7% reported injection drug use in the previous 12 months. Among those reporting at least 1 main sexual partner, 46% reported always knowing their main partner's HIV status, 77% reported that their main partner was HIV negative, and 39% reported always using a condom with their main partner. Among those reporting at least 1 casual partner, no participants reported always knowing their casual partner's HIV status, and only 1 person reported always using a condom with their casual partners (Table 3) .
Geographic Distribution of Positive Tests
Positivity in the HRA was 2.1% and ranged from 0% to 9.7%, compared with 1.7% in the lower risk area where positivity rates ranged from 0% to 2.8% (Table 3) . Although the positivity rate was higher in the HRA, the difference in rates between the 2 areas was not statistically significant (P = 0.57). In the tract with 9.7% of participants testing positive, 5 of the 7 persons testing positive were tested on the same day with a total of 18 tests conducted in that tract on that particular day. In addition, all 7 participants reported being previously diagnosed with HIV, with 2 being OOC. The geographic distribution of those testing HIV positive by risk area and by participant residence is shown in Figures 1B, C . When looking at the geographic distribution of HIV testing results by risk area, 16 of the 20 tracts identified at least 1 HIV-positive person, with the highest proportions of persons testing positive being found in 2 of the HRAs. Additionally, 4 CTs in the 12 HRAs were in the top quartile for positivity; 2 of the CTs in the 8 LRAs were in the top quartile for positivity (Fig. 1B) . Residential CT data were available for 91% of participants. Distribution of the participants' CTs found that participants lived in 170 CTs, of which 124 tracts were in DC and encompassed 7 of the city's 8 Wards (Fig.  1C) . Twenty-three percent of participants tested lived in the same CT in which their test occurred. Among the 28 participants 
DISCUSSION
We hypothesized that surveillance data could be used to create an efficient strategy for targeting geographic hot spots for community-based testing and that by stratifying areas by risk, we would identify a larger number of HIV-positive persons who were unaware of their diagnoses or needed relinkage to care in higher risk areas. We also expected that conceptualizing HIV risk by accounting for not only mVL, but also the percent of HIV-positive individuals OOC or NIC, would be especially effective. Although our findings provided some evidence of the feasibility and utility of using surveillance data to identify geographic areas for targeted HIV testing, we did not find strong support that our approach identified differences in the targeted testing areas.
The use of community-based testing in the selected areas proved feasible. By working with CEG, a local communitybased organization adept at identifying and encouraging HIV testing among hard-to-reach populations, using a field-based approach, we were able to test almost 1500 individuals in a 3-month period and effectively link or relink those testing positive to care. Evidence shows that community-level outreach workers, such as CEG's, are effective at this type of outreach as they are culturally sensitive to the target populations, familiar with social networks, and well-equipped to engage HIV-positive people into care. [36] [37] [38] Our identification of 9 new diagnoses through community-based testing highlights the need for combination approaches to HIV testing, as the populations that may be at highest risk for HIV may not seek care in traditional clinical settings. 12, 39, 40 HIV testing was not only feasible but also yielded an overall HIV positivity of 1.9%. This positivity was slightly lower than the city-wide HIV prevalence (2.5%) in 2013, 41 but consistent with local positivity rates for routine, targeted, and emergency department testing of 0.44%-1.7%, 1.3%, and 1.1%, respectively. 25, 39, 42 Although we had anticipated identifying a high proportion of positive persons, our positivity was Cohen d effect sizes are considered large at 0.8, medium at 0.5, and small at 0.2 (Cohen, 1992 likely underestimated as we did not test persons who selfreported as positive during the recruitment and screening process. This was somewhat counteracted by those persons who tested but whom later self-identified as previously diagnosed. Nevertheless, community, field-based testing identified at least 1 HIV-positive person in 80% of the targeted CTs. Furthermore, in one area the positivity rate was 9.7%. Although this high rate may have been due to sampling bias secondary to social network referral and word of mouth regarding the incentives, it could imply that we identified a local pocket of infection where focused prevention intervention efforts could be implemented in the context of a generalized epidemic setting. 43, 44 Although use of surveillance data and HIV testing were feasible, we did not observe a statistical difference in HIV positivity between the 2 risk groups as defined by the carecontinuum variables. Although all the targeted CTs had prevalence rates above 1 percent, we had expected that testing would identify more HIV infections in areas characterized by higher mVL and higher proportions of people who were OOC or NIC than in those with lower levels. Potential reasons for the lack of difference may include not only the restriction of CTs to those with a prevalence greater than 1 percent, but also the fact that we did not take prevalence into account in creating our high and low risk groupings. For example, it would be reasonable to expect that a CT with a prevalence of 1.9 might yield a greater proportion of newly identified cases than a CT with a prevalence of 1.0, regardless of the continuum of care characteristics. In fact, we did not observe that targeted tracts with the highest prevalence based on surveillance data consistently yielded the highest positivity rates.
There are other aspects of our algorithm for forming the high and low risk groups that could have lessened the effectiveness of our approach to including the carecontinuum variables. Rather than median splits, more extreme criteria would have resulted in groups that were more distinct. Because of the limited number of tracts with high prevalence and the inclusion of 3 care-continuum variables, we were unable to obtain a sufficient sample of tracts with a stricter criterion, such as inclusion in the highest and lowest quartiles. This approach would be possible in a larger study with either a greater number of CTs or using a larger geographic unit, coupled with the ability to test more people for longer periods. Finally, our algorithm gave the 3 continuum of care characteristics equal weight; ie, a tract had to be above or below the median on all 3. Future research could assess the impact of these different indicators of care to determine the importance they should be given in guiding geographic areas for testing. Other revisions of the algorithm could incorporate routine HIV testing data, additional surveillance data such as sexually transmitted infections, rates of viral suppression, areas with extremely high viral loads (eg, .100,000 copies/mL), and include global and local hot spot analyses. 9, 11, 20 Sampling issues may have also contributed to the failure to find a difference between higher and lower risk groups based on the continuum of care. Those tested represented a convenience sample of individuals who selfselected to get tested at the mobile unit, generally during weekday hours. Moreover, individuals who self-identified as HIV positive during preliminary screening were not tested. While we do not have a record of how many individuals selfidentified as positive during screening, they may have lived in different risk group areas. Further revisions to this testing approach could therefore include testing during evenings and weekends, confirming self-reported HIV status using surveillance data, and documenting the numbers of persons who were ineligible due to being HIV positive. In general, the effectiveness of this approach could also be measured by comparing it to other testing schemes such as using a multilevel approach which combines tract-level and individual-level data, venue-based, or clinic-based routine HIV testing, 9, 11, 12, 40, [45] [46] [47] [48] as these approaches may also successfully identify persons at high risk for HIV and have a higher yield of positives.
Limitations of our analysis include the small sample size of persons both tested and identified as HIV positive and thus the inability to control for potential confounders, as well as the choice of locations and times for testing. Obtaining reliable estimates of positivity in a sample of 75 people is difficult; thus an alternate approach might include testing more individuals through a demographic health survey or through door-to-door testing to achieve a more reliable estimate for a given geographic area. [49] [50] [51] Finally, although we relied on the residence at diagnosis from surveillance data to identify CTs, most persons tested did not reside in the CTs where their testing occurred, which may indicate that they are also engaging in risk behaviors elsewhere. This is a limitation of surveillance data as it is not able to capture the location where risk behaviors are occurring; hence, future adaptations of this approach might consider inclusion of residents of the geographic unit of interest only.
In conclusion, our hypothesis that community-based testing would identify more HIV-positive persons in CTs with poorer care-continuum outcomes and higher mVL compared with those with better care-continuum outcomes and lower mVL was not confirmed. However, we were able to demonstrate that partnering with a community-based organization allowed for efficiency in testing large numbers of people and importantly helped to identify persons who were progressing suboptimally along the HIV care continuum resulting in identification of new diagnoses and persons who were OOC. Given the widespread availability of surveillance data at the local level, efforts to improve its accuracy, and refine local measurements of the HIV care continuum, other health departments conducting HIV surveillance could relatively easily adapt our approach to their local context and local geographic divisions to determine how best to target areas for HIV testing and other reengagement efforts. Further research could refine this approach which incorporates the continuum of care and mVL and has the potential to result in more efficient strategies to achieve the NHAS goals of increasing the proportion of people tested, linked to care, and retained in care.
